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Abstract. In Europe, as well as in the United States of America, from
11% to 14% of residents suffer from rheumatoid arthritis. To give a
diagnosis, an x-ray of patient’s hand is taken, but regular analysis is
exceedingly complicated, therefore it should be automated. It was not
necessary to use a segmentation method. In order to find the joint cavity
widths it was sufficient to use binarisation and thinning, and then an-
alyze an obtained skeleton. The presented algorithm gives satisfactory
results in the joint cavity width analysis (81% correct results).
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1. Introduction
The number of people afflicted every year with rheumatoid arthritis (RA)
increases rapidly. In Europe, as well as in the United States of America, from
11% to 14% of residents suffer from this disease [14]. To give a diagnosis, an
x-ray of patient’s hand is taken and symmetric metacarpophalangeal joint
cavities and interphalangeal joint cavities are analyzed [24]. Due to the num-
ber of hand joints, regular analysis is exceedingly complicated and rarely done
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by specialists. Furthermore, the majority of experts claim that any illness
progress can be noticed only when the time period between the two follow-
ing x-ray examinations is larger than 6 months, since changes proceed very
slowly and cannot be diagnosed within a shorter period. To economize on
time and energy spent on that kind of analysis, to make an x-ray examination
more frequent and more precise, the process should be automated. To make
it possible, some limitations have to be imposed on the image. This paper is
a part of a major research conducted by the Institute of Computer Science,
Jagiellonian University in cooperation with Collegium Medicum, Jagiellonian
University. The aim of this survey is to create an x-ray based software that
could assist and facilitate the process of providing a diagnosis. This paper
is a summary of the first phase of the project. It returns a set of the joint
cavity widths.
2. Some data concerning the investigated object
Rheumatoid arthritis is an inflammatory disease that can affect various
joints in the human body [14]. It can also attack other parts of the body, such
as blood, lungs and heart. Commonly it affects both sides of the body at the
same time. For instance, if the knuckles of one hand are altered, then the
knuckles of the opposite hand are affected as well. Despite the fact, that the
rheumatoid arthritis usually damages metacarpophalangeal joints, it does not
diminish the need of interphalangeal joints analysis. In a healthy joint, ends
of the bones are encased in a smooth, slippery material, called cartilage. The
cartilage covers and cushions the bones, allowing the joint to move smoothly
and easily. The joint is surrounded by a fibrous envelope or capsule, called the
synovium, which produces a fluid that aids the reduction of friction and wear
in the joint. Muscles and tendons power the joint, making it able to move. A
healthy joint is shown in Fig. 1a. In RA, white blood cells, which are the part
of the normal immune system, travel to the synovium and cause it to become
inflamed. During the inflammation process, cells of the synovium grow and
divide abnormally. This leads to thickening of the normally thin synovium.
The joint becomes swollen and puffy to touch. Inflammation causes warmth,
redness, swelling and pain, all the typical symptoms of rheumatoid arthritis.
As RA progresses, abnormal synovial cells begin to invade and destroy the
cartilage and bones within the joint (Fig. 1b). The surrounding muscles,
ligaments, and tendons that support and stabilize the joint become weak
and unable to work normally. All these effects cause pain and deformities
often seen in rheumatoid arthritis. The cartilage loss can be detected in a
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hand x-ray photo through measuring a joint cavity width and comparing it to
the widths, obtained from the symmetric joint cavities. The standard width
of the joint does not exist, therefore judgment is always very subjective and
may only be based on the comparison of symmetric joint widths [24]. Three
joints in various disease stages − a healthy joint, semi-affected joint and
fully-affected joint − are shown in Fig. 2. It can be noticed that the joint
cavity width of a healthy joint is wider than the one of a fully-affected joint.
a) b)
Fig. 1. A healthy joint (a) and affected joint (b)
a) b) c)
Fig. 2. A healthy joint (a), semi-affected joint (b) and fully-affected joint (c)
3. An attempt at segmentation using classical methods
It needs to be stressed that the main issue was to obtain localization
of joints. Because of the complexity of the hand construction, hand x-ray
segmentation methods published so far, either were not fully automated [18]
or did not provide satisfying results [15]. It is particularly noticeable in the
Lehmann’s [15] method, based on watershed [17] and rule-based merging,
which results in 84.3% correct segmentations. However, the results do not
guarantee gaining all joint localizations from the image, especially when the
analysis is conducted in the case of elder people’s x-ray photos. Segments
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obtained with such an algorithm often melt into each other, making joints
undetectable. Classical methods of segmentation, like Edge Detection, Top
Hat or Black Top Hat did not return satisfactory results either. Another
possibility was to apply the Star Section algorithm [5, 6]. Local analysis in
the mentioned above method begins with the acquisition of 8 image sections
determined around a central point, in eight geographic directions. Obtained
functions are used afterwards to find the edge points. Although this technique
was already applied by Tadeusiewicz and Ogiela to achieve a wrist bone
segmentation [18], it is semi-automatic and its usage would be too onerous
for a radiologist. This is due to the fact that every hand has 28 phalanx bones,
so the specialist would have to mark 56 central points for each analyzed x-ray
photo.
4. A special algorithm
Since the already discovered algorithms cannot deal with the complexity
of the hand structure, it was desired to create a new, fully-automatic tech-
nique, which could be used to return joints localizations and limit the user’s
activity to selection of images and confirmation. To make it possible images
need to fulfill the following conditions:
• an analyzed image must be a grayscale digital image,
• it must present only one hand,
• fingers must not adjoin each other, they need to be straight and leant
at a small angle.
If all of the given conditions are met, the analysis is possible. The described
algorithm is a multi-step algorithm, which means that in every successive
phase, data for the next stage is obtained. Subsequently, those data are
utilized in the following phase and so on. As an input, the algorithm acquires
a part of an image, as the one shown in Fig. 3.
4.1. Initial binarisation
At the beginning, the global thresholding is used to obtain a binary image.
Global thresholding is based on the assumption, that the image has a bimodal
histogram and therefore, the object can be extracted from the background
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by a simple operation that compares image values with threshold value T [7].
The thresholded image g(x, y) is defined as:
g(x, y) =
{
1 if f(x, y) > T
0 if f(x, y) ≤ T.
(1)
The binarisation method given above does not return a correct segmentation
of the hand bones, but the achieved result can be used in further analysis to
narrow down the analyzed area [1]. A lot of threshold estimating algorithms
exist, for example those proposed by Wilson and Ritter [22], Kapura, Sahoo
and Wong [13], Bernsen [10], Chow and Kaneko [11] or others [16]. Most
of them can be applied to hand x-ray photos − for the following analysis
Otsu algorithm, introduced in 1979, was used [19]. Nevertheless, to force
global thresholding to receive better results, image pre-processing has to be
completed before binarisation. Thanks to the initial preparation, the mask
obtained as the result of binarisation will be regular and will contain all the
phalanx bones. Additionally, the mask area will be as small as possible,
will not contain any cavities and will result in the reduction of noise from
the background. To eliminate low gray level areas from the object and to
prevent its division after binarisation, dilation is applied [17]. The goal of
this operation is to gradually enlarge the quantity of pixels valued more than
the others. Thus, areas of more valued pixels (more white than black) grow
in size, while areas of less valued pixels (more black than white) become
smaller:
δB(I(a, b)) = max
(c,d)∈B(a,b)
I(c, d). (2)
The image received as the result of dilation is afterward filtered using a Gauss
function [2, 16]. Thanks to this process, the image has smaller interference
on the background and on the object. The two-dimensional Gauss function
applied in this phase is shown bellow:
g(x, y) =
1
2πσ2
e
−
x2 + y2
2σ2 . (3)
Dilation of the image from Fig. 3a is shown in Fig. 3b. The smoothed image
from Fig. 3b processed by the Gauss filter is shown in Fig. 4a.
After preparation, the image is ready for binarisation with the Otsu
method, which reduces the between-class variance, defined by the following
equation:
σ(t) = q1(t)σ1(t) + q2(t)σ2(t). (4)
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a) b)
Fig. 3. An exemplary input image (a) and its dilation (b)
a) b)
Fig. 4. The image from Fig. 3b processed by the Gauss filter (a) and the binary
image obtained as the result of the Otsu algorithm (b)
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Let σ(t) be the sum of weighted variances of two modes of the histogram as
a function of the threshold t. Let σ(t) and q(t) be the respective variance and
probability of one of two modes of the histogram, separated by a threshold t.
The threshold T that results in the minimization of σ(t) produces the desired
foreground and background on the image. Applying the Otsu algorithm to
the image from Fig. 4a, allows to find the threshold T = 118. Applying that
threshold to the same image results in the binary image, as shown in Fig. 4b.
To demonstrate that the prepared image is better for the purpose of bina-
risation than the image without preparation, histograms for both are shown
in Fig. 5. The second histogram is more bimodal than the first one, therefore
it facilitates a binarisation process.
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Fig. 5. The histogram of the image from Fig. 3a (a) and from Fig. 4a (b)
4.2. Thinning
Thinning is a morphological operation that serves the removal of selected
foreground pixels from binary images and the attainment of an object skele-
ton. It is commonly used to tidy up the output of edge detectors by reducing
all external lines to a single pixel thickness. Thinning is normally applied
only to binary images, and produces another binary image as an output [4].
In everyday terms, thinning operation is calculated by translating the origin
of the structuring element to each possible pixel position in the image, and
comparing it with the underlying image pixels at each such position. If the
foreground and background pixels in the structuring element exactly match
foreground and background pixels in the image, then the image pixel un-
derneath the origin of the structuring element is set to background (zero).
Otherwise it is left unchanged [20]. The most significant action in this al-
gorithm is applying accurate structuring elements. Unfortunately, the struc-
54
turing elements given by Pavlidis [20] or Pratt [21] are not fully acceptable,
due to the fact that after thinning a lot of incorrect connections are left in
the image. That is why the set of structuring elements has to be expanded.
The complete set of structuring elements is shown in Fig. 6.
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Fig. 6. The complete set of structuring elements
Prior to further explanation, several definitions have to be given. Each
definition concerns a binary image where pixels are valued by 0 (background)
or 1 (foreground) and 8-neighborhood of pixels (north, north-east, east,
south-east, south, south-west, west, north-west).
Definition 1. End pixel − Pixel valued by 1, that adjoints exactly one
pixel valued by 1 and seven pixels valued by 0.
Definition 2. Middle pixel − Pixel valued by 1, that adjoints exactly
two pixels valued by 1 and six pixels valued by 0.
Definition 3. Cross pixel − Pixel valued by 1, that adjoints more than
two pixels valued by 1.
Definition 4. Branch − Connected skeleton pixels, which start at an
end pixel and finish at a cross pixel. To make further description clearer the
end pixel and cross pixel for every branch will be called the start pixel and
finish pixel, respectively.
Definition 5. Branch path − a chain code [8, 9, 20] that describes the
path from the start pixel to the finish pixel via 8 directions.
Definition 6. Proper branch − a branch that goes through the finger
and is in a better position than any other branch located in the finger. That
kind of a branch is always longer than the quarter of the finger length. The
number of proper branches is equal to five (as the number of fingers).
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Definition 7. Fake branch − a branch that crosses other fake or proper
branch, but does not go through the finger. It is created because of the shred
borders of the object. That kind of a branch is always shorter than the quarter
of the finger length.
Definition 8. Root branch − a branch that goes through the metacarpus
and starts at the bottom of the image. It is not associated with any of the
fingers, but is used during branch analysis.
a) b)
Fig. 7. A thinning result (a) and five proper branches obtained from the
Fake-Branch-Elimination procedure (b)
Using the definitions given above, it must be emphasized, that the neigh-
borhood of every pixel after thinning has to meet the following conditions:
• there must be no more than three kind of pixels: end pixels, middle
pixels and cross pixels,
• if a pixel is a cross pixel, then it must have as much neighbor pixels
valued by 1, as many branches meet at that pixel.
The second condition is the most significant for the purpose of further analysis
and is not supported by Pavlidis [20] and by Pratt [21]. The effect of thinning
with structuring elements introduced in Fig. 6 is shown in Fig. 7.
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4.3. Branch analysis
During the next phase, proper branches are extracted from all of the
branches, using the knowledge regarding the hand anatomy. But initially,
branches are created. The creation of the branch progresses in two steps:
• all the end pixels in the image must be found,
• for each end pixel found a branch path is created. By definition, that
kind of branch must finish at the cross pixel.
The aim is to generate proper branches and additionally, delete all the fake
ones. The proposed algorithm is presented in the Fake-Branch-Elimination
procedure. At the beginning, all branches are assigned to the candidates list
and furthermore, one of them is distinguished as the root branch using the
definition. Then every branch length is verified, to check whether it is shorter
or longer than the quarter of the image height, and decide if it is a proper or
a fake branch. A subsequent phase consists of the comparison of cross pixels
of every pair from a Cartesian product candidates × candidates. Branches
are evaluated and one of them is usually deleted from the candidates list.
The remaining branch is then updated in the course of the following steps:
• a cross pixel becomes a middle pixel,
• the branch does not contain a cross pixel, so the first following cross
pixel is being searched in the image.
The procedure works as long as the remain mark is True, what briefly means
that some branches have been deleted in the previous loop iteration. When
the remain mark is False, the procedure ends and returns five proper branches
as those shown in Fig. 7b, and one root branch, which is next deleted from
the candidates list.
Fake-Branch-Elimination(I)
Sure = a quarter of the image height
candidates = create a list of all possible branches
root = get a root branch from candidates
remain = True
WHILE remain // till size of candidates changes
remain = False
toUpdate = empty list
toDelete = empty list
FOR EACH (c1, c2) IN candidates x candidates
IF c1.finishPixel NEXT TO c2.finishPixel
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IF c1.length < Sure AND c2.length < Sure
IF c1 == root // root always stays
toUpdate.add(c1); toDelete.add(c2);
ELSE IF c2 == root
toUpdate.add(c2); toDelete.add(c1);
ELSE IF c1 IS HIGHER THAN c2
toUpdate.add(c1); toDelete.add(c2);
ELSE
toUpdate.add(c2); toDelete.add(c1);
ELSE IF c1.length > Sure AND c2.lenght < Sure
toUpdate.add(c1); toDelete.add(c2);
ELSE IF c1.length < Sure AND c2.lenght > Sure
toUpdate.add(c2); toDelete.add(c1);
FOR EACH c IN toDelete
candidates.remove(c)
remain = True // loop will be made again
FOR EACH c IN toUpdate
c.updateSkeletonBranch()
// get an old cross pixel as a middle pixel
// and search a new cross pixel
toDelete = empty list
toUpdate = empty list
candidates.remove(root branch)
// leave only proper branches in the list
RETURN candidates
4.4. Joint localization
The start pixel and the branch path obtained for each branch in the
previous phase, now serve the localization of joints, but firstly, attention has
to be paid to the facts resulting directly from the specificity of the hand x-ray
photo and the hand anatomy:
• a branch which corresponds to a middle finger has the length compa-
rable to the sum of all phalange heights of that finger (Fig. 8),
• let sumThumb be the length sum of both thumb phalanxes, sumIndex
− the length sum of all index finger phalanxes, sumMiddle − the length
sum of all middle finger phalanxes, sumRing − the length sum of all
ring finger phalanxes and sumSmall − the length sum of all small finger
phalanxes. Length proportions for those sums are:
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sumThumb/sumMiddle = 0.55
sumIndex/sumMiddle = 0.85
sumMiddle/sumMiddle = 1
sumRing/sumMiddle = 0.95
sumSmall/sumMiddle = 0.75,
• the general arrangement of the joints at the branch is also known −
joints are positioned at the following intervals for every finger:
distal interphalangeal joint – [0, 0.3 · sumFinger]
proximal interphalangeal joint – [0.3 · sumFinger, 0.6 · sumFinger]
metacarpophalangeal joint – [0.6 · sumFinger, sumFinger],
where 0 is a branch start pixel and 0.3 · sumFinger is the pixel located on
the branch, 0.3 · sumFinger pixels away from the start pixel.
Fig. 8. Five proper branches obtained from the Fake-Branch-Elimination
procedure applied to the image from Fig. 3a.
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Fig. 9. Sections created for line segments AB (a), BC (b) and CD (c)
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a) b)
Fig. 10. The joint localization steps
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The points created for the given intervals are shown in Fig. 10a as A, B
and C. Now, line segments AB, BC are created. They match the proximal
interphalangeal and distal interphalangeal joints. Then, to find the metacar-
pophalangeal joint, D point is calculated using a line that goes through the
BC line segment, what finally leads to achieving line segment CD. The
sections shown in Fig. 9 are created for all three segments. Investigation
conducted on the obtained sections shows that precisely before the x value
associated with a joint, a considerable growth and a considerable fall after-
wards take place. That is why the following function can be introduced as a
method of finding a joint cavity on the given line segment:
Jindex = arg max
x
f(y) − f(x), (5)
where f(x) ∈ MIN , f(y) ∈ MAX, y < x, |x−y| < JointMaxHeight. After
applying the function mentioned above to data obtained from the previous
phase, fairly good localizations of the joints are obtained (Fig. 10b).
a) b)
Fig. 11. The vertical transformation input (a) and output (b)
4.5. Vertical transformation
In the following step, the area surrounding the localization point, calcu-
lated for every joint, is extracted from the image, with a small fragment of
the line segment going through it. If the line, which goes through the line
segment is not vertical, like in Fig. 11a, it has to be transformed. This trans-
formation allows to obtain a vertically positioned joint (11b). Transformation
rule is simple. If the line leans at an angle of α, then the area restricted by
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the lines, that go through points A and B from Fig. 11a is rotated by −α.
The product of this process is shown in Fig. 11b.
As the result of the vertical transformation described above, a joint image
including the bones placed on the top and on the bottom is obtained. This
kind of image simplifies computing the joint cavity widths, justifying the
usage of the introduced transformation.
4.6. Receiving the minimal joint width
The algorithm of calculating the minimal joint width requires the knowl-
edge regarding t he joint anatomy. It is significant to distinguish that metacar-
pophalangeal joints (except thumb metacarpophalangeal joint) are hinge
joints and that thumb metacarpophalangeal joint and interphalangeal joints
are ball and socket joints. That is why the two bone surfaces at the joint
should be considered in a different way. It is noticeable in Fig. 12a that the
top bone surface contains an indentation. The top bone surface border goes
through the area that contains the maximum valued pixels. Unlike the bot-
tom bone surface, which does not contain an indentation, and the border of
which goes through the edge of the bone (Fig. 12a).
a) b)
Fig. 12. Ideal surface borders (a) and visualization of the proposed strategy (b)
The main idea of the proposed strategy is to analyze all the sections that
start at the top of the image and go vertically down to the bottom, like in
Fig. 12b. The number of sections is thus equal to the image width. For each
section, the edges of the top and the bottom surface are computed using the
following function, which was created on the basis of behavior of sections
from Fig. 13:
(Uindex,Dindex) = arg max
x,y
f(x) + f ′(y) − f ′(y − 1), (6)
where f(x) ∈ MAX, f ′(y) ∈ DERMAX, x < y.
This function searches for two points. The first one corresponds to the
top surface border point that needs to have as big value as possible. The
second one corresponds to the bottom surface border point, for which the
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difference between its derivative value and derivative value of the previous
point also has to be as big as possible.
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Fig. 13. Sections created for line segments corresponding to the arrows from
Fig. 12b
thumb – PIP 10
thumb – MCP 13
index finger – DIP 10
index finger – PIP 12
index finger – MCP 15
middle finger – DIP 9
middle finger – PIP 11
middle finger – MCP 11
ring finger – DIP 8
ring finger – PIP 9
ring finger – MCP 14
little finger – DIP 9
little finger – PIP 8
little finger – MCP 13
Then, the obtained border points are compared to each other and smoothed,
thus creating a connected curve. This final action enables gaining the final
result − the joint widths (Fig. 14):
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a) b)
c) d)
e) f)
g) h)
i) j)
k) l)
m) n)
Fig. 14. The obtained contours for a thumb (a, b), index finger (c, d, e), middle
finger (f, g, h), ring finger (i, j, k) and small finger (l, m, n)
5. Results
Tests have been conducted on hand x-ray photos received through the
good offices of the Dietl Hospital in Cracow. The statistics have been com-
puted using the difference between the value obtained as a result of the
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analysis and the expected value with a measurement error equal to 2. The
algorithm introduced in this paper correctly localizes joints in 98% of cases
and returns accurate joint width results in 81% of them. Some observations
have been made additionally:
• due to the sesamoid bones, the analysis of the thumb joints is more
complex,
• the top surface is always wider than the bottom surface − this leads to
creation of a wrong border,
• occasionally, if the thumb is situated too close to the index finger,
binarisation is done erroneously,
• sections used to find a joint localization may occur useless, if bone
mineral density is reduced by osteoporosis.
Generally, the results are satisfactory and very promising. Moreover, in oppo-
site to the previously introduced algorithms our approach is fully automatic,
capable of tracing all joints localizations and computing their widths, what
hopefully will be used in the future research to make a diagnosis.
6. Conclusion
This paper, like all publications in medical imaging, oscillates between
two fields of science − medicine and IT. Due to this fact, both of them had
to be taken into consideration. While conducting environmental surveys, an
attempt to use segmentation methods in obtaining joints localizations had
been undertaken, however it turned out to be useless and in consequence, did
not permit further analysis.
At that point, a new question has arisen − whether it was necessary to ap-
ply a segmentation method. The answer proved to be negative. It appeared
to be adequate to use in turn: binarisation, thinning and accurate analysis of
the obtained skeleton. Using statistical methods, to a certain point, permit-
ted to find exact localizations of the joints. The presented algorithm gives
satisfactory results in joint width analysis (81% correct results), nevertheless
the skeleton analysis should be extended for more complex methods based
on Fuzzy Sets [23] and Neutral Networks. This will become the purpose of
the upcoming research. While conducting initial investigation and attempt-
ing the application of segmentation methods, various promising properties of
the Cellular Neural Networks [3, 12] have been observed. In conclusion, this
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paper describes a successful attempt to create a fully-automated algorithm
computing joint width for all − metacarpophalangeal and interphalangeal
joints. This algorithm may well be used in the future to create a diagnostic
system for rheumatic arthritis. Joint width computation is the initial and
the most essential component of the future system, since rheumatic arthritis
attacks the joints in the first place.
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[5] Bubliński Z., Mikrut Z., Popiela-Mizera A.; A Method of Linear Star Section
Applied for Object Separation in ERCP Images, Proceedings of the International
Conference on Image Processings, 1, 1996, pp. 363–366.
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